Fine scale heterogeneities can have significant effects on flow performances in subsurface formations. Highly detailed geostatistical realizations are needed to capture the quantitative effects of these heterogeneities on flow simulation results based on high resolution well-log and medium resolution seismic data. These realizations in many cases require number of grid cells on the order of 10 6 -10 7 , hence making it too demanding CPU wise to directly history match geostatistical models. Non-uniformly gridding these models for emphasizing the heterogeneities does not necessarily present a solution since the practice of geostatistics on nonuniform grids is inefficient. In this paper we provide an entirely new approach to these problems by proposing a solution which is geostatistics based yet having the flexibility to work on non-uniformly gridded models. Hence coupling geostatistics with non-uniformly upscaled models results in an effective history matching technique incorporating all information at their scales. With the proposed approach we mainly target three advantages. Well and seismic data will still be effectively incorporated in the realizations. Flow simulations will be performed on nonuniformly upscaled models hence will be relatively fast. Finally the resulting field which is history matched will include the geology and will be on a non-uniformly gridded model for emphasizing heterogeneities or desired specifications, hence future predictions can be made fast, no posterior upscaling is required. The latter will avoid upscaling errors. This new approach is based on making a fast non-uniform upscaling technique a part of the history matching process instead of performing upscaling first and then downscaling again. Two levels of optimization are introduced in this technique; one level for history matching (outer loop) and the other for optimizing the non-uniform grids based on the results of a fast but realistic flow response (inner loop). In this paper we show how we benefit from a pre-optimized solution in conditioning reservoir models to production data.
Introduction
History matching is an important step in reservoir characterization; conditioning realizations to well-log or seismic data alone is not enough. One major challenge of data integration lies in the fact that each data has its own resolution and area of coverage. Well-log data has high resolution but are sparse. Production data informs a much larger scale but carries little information on local heterogeneity. Since well-log data are considered to be hard data, fine scale gridding is needed to include this type of data in the final reservoir model. History matching techniques, which typically require a large number of flow simulations, cannot be directly applied to the high resolution geostatistical models because of the CPU costs of current finite difference simulators.
Many history matching methods, most based on the original idea of Tran et al. 1 adress this problem by upscaling the initial fine scale geostatistical model ( Figure-1 ). First an initial seed realization with up to 10 6 -10 7 grid cells is generated. Next, this initial model is upscaled uniformly to 10 3 -10 4 grid cells rendering flow simulations feasible. The initial upscaled model is perturbed until history match is achieved. Next, the coarse scale history-matched model is downscaled using block conditioning algorithms 1 for the following reasons:
• The coarse scale history matched models do not any longer honor the fine scale well-log data.
• Fine scale realizations are often requested as input to more sophisticated non-uniform upscaling methods, and to local grid refinement. However this last downscaling step presents various problems such as:
• The fine scale model may not match any more tightly the production data since the downscaling procedure adds additional short scale structures to the model. Also the process of downscaling does not provide a single unique answer as upscaling does 2 . Downscaling particularly affects any history match flow data, to a lesser extent pressure data.
• The downscaled realizations need to be upscaled again to make flow simulations feasible. There is no guarantee that this newly upscaled model matches history.
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In summary, most current geostatistical approaches to history matching tend to go through a sequence of upscalings and downscaling. This might not be an efficient way to integrate data of variable scales since the sequence of upscaling and downscaling affects the matching of information at different scales.
One alternative to this problem is to generate directly nonuniformly gridded models. However this would call for generating spatially correlated block effective or average properties defined on different support volumes. Geostatistics is ill-equipped to deal with such variables, although some new methods have been proposed 3 . Tureyen and Caers 4 proposed to construct, in parallel, a fine scale and the corresponding non-uniform coarse model. This makes the upscaling phase part of the history matching process instead of a prior or posterior process as depicted in Figure-1 . Perturbations to the permeability field (or any other property that effects the production signal) are performed on the fine scale model, that fine scale model is then upscaled after each perturbation; flow simulation is performed (rapidly) on the coarse model. The fine scale model perturbations are guided by the results of the coarse model simulation results. This approach provides three advantages:
1. We obtain two end-results: (1) a fine scale model, and (2) a corresponding coarse, non-uniformly gridded, model that is history matched. The latter is used directly as input to the reservoir simulator. 2. The coarse non-uniform model includes the relevant high and low permeability information from wells and seismic as these condition the parallel fine scale model. 3. All history match flow simulations are done on the coarse, allowing a speed-up of the history match effort. The method of Tureyen and Caers 4 is generic and allows to making use of various history matching algorithms as well as various upscaling procedures.
While the method of Tureyen and Caers 4 achieves a satisfactory match on the non-uniform coarse-scale, it does not necessarily provide a match on the fine scale model. A highly accurate history match on the fine scale may not be desirable, since flow simulation will never be evaluated on this scale. Nevertheless, the fine scale model should reflect, to some extent, the flow occurring in the reservoir. After all, fine scale geostatistical realization may be used for planning of nonconventional wells (Guyaguler et al 5 .and Yeten et al 6 .), for prediction or other management purposes.
This paper essentially proposes a method that matches jointly the fine and coarse-scale realizations. Before proposing such a method we review shortly in more detail the method of Tureyen and Caers 4 after which the proposed method is presented.
Recall: Combining Upscaling and History Matching
One of the solutions to the problem of jointly integrating fine scale geological data with dynamic data is to work with all scales at the same time 4 , i.e. not creating any hierarchy between scales. This is accomplished by making upscaling a part of the history matching process. Within the frame work of this methodology, any given fine scale geological model is first perturbed, upscaled to a coarser model, and finally is input into a flow simulator. The end result of this entire process are two separate models (one at the fine scale and the other at the coarse scale). The fine scale model honors all hard data and the given geostatistics, while on the other the coarse model honors all of the production data. Furthermore, this final coarse model can be nonuniformly or irregularly gridded as desired, hence can also be used for future predictions without the necessity of a posterior upscaling or downscaling, because the coarse model itself matches the history.
Tureyen and Caers 4 , have proven this approach to be effective, in terms of accuracy and speed on various synthetic cases (2D and 3D). However there are two main issues that remain unresolved. The first issue is that even though the resulting coarse models honors the production data, the corresponding fine scale model on the other hand might not. In fact a strong underlying assumption of this method is that the upscaling errors are small. Flow simulation is evaluated on the coarse scale, while perturbations are made on the fine scale; this would only make sense if the flow responses on both scales are similar. Otherwise, the adjustments calculated from the coarse scale flow simulation would not necessarily be relevant to the fine scale model perturbations. While Tureyen and Caers 4 provide successful matches in all their examples, including examples with high level of coarsening (high upscaling errors), that result can only be attributed to the incompleteness of information of production data on permeability (ill-posedness of the problem).
In summary, the level of coarsening is critical to obtain a trade-off between:
1. A too coarse model that is not predictive or may not even produce a history match. 2. A too fine model that is predictive but takes prohibitive CPU time to be history matched. It is clear from the above that the origin of these problems are a result of the transition from the fine scale to the coarse scale. The main problem of the original approach is that no systematic determination of the level of coarsening is provided.
The proposed method essentially relies on a technique for reducing the upscaling error according to a user-specified criterion. We present the method in all its generality, then proceed with an example implementation.
Proposed Method
The essential shortcoming in the method of Tureyen and Caers 4 lies in the fact that the relation between the fine and coarse scale works essentially only one way: upscaling. The errors in upscaling are not accounted for. The proposed method aims at improving the correction between fine and coarse scale flow response. First we introduce some notation: z = {z(u), ∀ u ∈ Reservoir} the reservoir property at grid block u=(x,y,z) e.g. permeability z(r) = a perturbation of the fine scale reservoir model z.
The magnitude of perturbation is parametrized using some parameters r, z up = the uniquely determined upscaled reservoir model, upscaled from z, belonging to the upscaling method S, D = reservoir production data to be matched. Note how at this point we make full abstraction of the parametrization of the problem z(r). r can be a single parameter such as in the probability perturbation method 7 , or r may be the parametrization using master block (Wen et al 8 ) . Using this method, we describe the method of Tureyen and Caers 4 , with the above notation, then extend on it. The method consists of upscaling the perturbation z(r) of a fine scale realization.
θ and S are fixed, i.e. determined prior to starting the history matching. The parameters r can be optimized by solving the following objective function.
RP
a function of the perturbation of the fine scale:
Note how flow simulation is evaluated on the coarse model, while it is the fine scale model, parametrized by r, that is perturbed. The shortcoming lies in the fact that θ and S are frozen, rather arbitrarily and that upscaling the error
is not accounted for. Hence while after optimizing O(r), one has that
is not necessarily immediately true that
The main contribution in this paper lies in reducing the error ε. In order to reduce the error ε we propose to introduce a fast approximation to the flow simulation model, FSM * .
Instead of minimizing the error ε directly, which would involve flow simulation on the fine scale, we introduce an approximate error ε * , for any given r, given by
Where evidently the error ε * is a function of the upscaling method S and its parameters θ. ε * can be minimized by finding an optimal set S and θ. Minimizing ε * therefore consists of reducing the mismatch between the production data 
Example
In this section a specific implementation of the general method presented in the previous section is given where we define in detail the notation that we have used specific for this case. Before the application to a synthetic case, we explain the following in detail;
• Perturbation of random numbers for history matching (parametrization of z(r))
• Upgridding and Upscaling (S and θ parameters)
• Fast approximation to the full simulation FSM *
• Gridding Optimization
Perturbation of Random Numbers for History Matching (parametrization of z(r)) Before reviewing the perturbation method, it is useful to recall the steps of any stochastic sequential simulation 10, 11 for generating geostatistical realizations of grid block properties.
• A random path is used to visit sequentially each grid block u; I=1,…,N • A conditional distribution function (ccdf) is evaluated at each node u. That is conditioned to both original hard data and previously simulated nodes.
• A vector independent and identically distributed of uniform random numbers v is used to draw from the ccdf models. As long as one draws from these conditional distributions with independent random numbers, reproduction of the structural statistics, such as the variogram, is ensured.
Hence in order to construct a new realization of permeability k r (u) slightly different from the previous one, k(u), and at the same time preserve the structural statistics, one could take two routes: perturb the ccdfs, or perturb the random numbers. For this study the second alternative is used 12 . Consider a realization k(u), generated using a certain random path and using a set of random numbers v. To create a perturbation k r (u), we keep the same random path, but perturb the random numbers v, moreover we parametrize such perturbations using a single parameter r, hence v(r). To perturb the random numbers v(r), Hu et al 10 . propose the following steps:
• Take The single parameter r therefore defines a "gradual deformation" of some initial realization k(u). The important point is that such gradual deformations preserve the intended geological continuity reproduced by the sequential simulation algorithm, no matter the value of r.
Upscaling and Upgridding (S and θ parameters)

Upgridding
To specify S θ , we implement an upgridding approach advocated by Durlofsky 13 . The dynamic upgridding method of Durlofsky 13 attempts to preserve important, highly permeable layers by a ranking of layers based on fast flux calculations per layer. The method upgrids a fine uniformly scaled realization into a non-uniformly cartesian grid. The level of coarsening for each direction x, y and z is parametrized with one parameter per direction.
The upgridding parameters in this paper have been denoted by the vector θ. Before explaining what these parameters correspond to it is useful to give a brief overview of the upgridding technique that is used. The method is based on computing the velocity field obtained by solving the following relationship numerically over the entire field given some boundary conditions.
∇.[k(u).∇p(u)]=0
Once this is done the average velocity is computed for each direction x,y,z. Consider the z-direction: fine layers with high velocity are preserved by defining a threshold parameter θ z : If the velocity summed over a group of fine layers exceeds that threshold θ z , a single coarse grid layer is created. This threshold defines the level of coarsening. Defining the three thresholds θ x ,θ y and θ z will define the level of coarsening for each dimension.
Upscaling
The upscaling method that is used in this study is single phase upscaling 14 . Given a coarse grid block, that has the single permeability value k * (where k * is a diagonal permeability tensor), which is composed of some fine grid permeability denoted by k(u), the single phase pressure equation for the fine grid can be written as;
hence knowing the pressure field p(x,y) on the fine grid (which can be determined by solving Equation-8 given some boundary conditions) would allow the total flow rate q to be obtained. The q can then be used to compute the homogenized permeability k * through the relation;
The S parameters discussed previously for this study correspond to all the upscaling parameters. These parameters will not be varied through out the entire study, in other words the upscaling technique (single phase upscaling) is always the same.
Obtaining pseudo water cut curves from streamline simulation
Streamline simulators are capable of making fast calculations of water cut curves. It is for this reason that we have chosen streamline simulation as FSM * . Streamline simulators require only the solution of a single phase pressure equation. Using the velocities calculated from this solution, a set of streamlines are traced from injector to producer. A pseudo water cut curve ) ( * t f w is calculated by calculating the fraction of streamlines that have broken through at time t in the producer.
Note that ) ( * t f w can be calculated on uniform as well as non-uniform grids, since streamlines can be traced on any grid type.
Recall that, for the proposed method to work, the approximate flow simulator FSM * should provide the same ranking of models as the full flow simulator. Consider an example cross-sectional permeability field where the fine scale field has the dimensions of (50x50). The field is upscaled to two different dimensions; (10x10) and (40x40). Full flow simulation is evaluated on all three models along with the incompressible single phase flow simulation. As a result f w and ) ( * t f w are determined for all fine and coarse grid models. The results are given in Figure-3 . Figure-3 shows that when the response of FSM * of the upscaled realization is close to reference, then so is FSM.
Optimizing the gridding parameters θ
Consider a 2D reservoir, hence only two parameters θ x and θ z need to be optimized to reduce ε * . Figure-4 gives an example surface ε * , where a 3D view of this surface is given along with the reference permeability field for this case. This is expected since for a layered system, the accuracy of the upscaled model, depends highly on how accurately layers are captured in the coarse scale.
Consider now the same function ε * (θ x , θ z ) for different parameters r, i.e different perturbations from an initial realization (r=0). Figure-6 illustrates this case for perturbation parameters (r) of 0.0, -0.35, 0.95 and 0.525. It is concluded that the ε * surfaces vary significantly from one realization to the other even though the underlying statistics of the reservoir are all the same, hence an optimal gridding for one realization is not necessarily optimal for the next.
The first step in the optimization method is to set a threshold (n max ) on how fine the coarse model can be. Using three of these initial values of (θ x ,θ z ), a polytope method 15 searches for the best (θ x ,θ z ) for which ε * is smallest.
The resulting gridding parameters θ x opt ,θ z opt define the optimal gridding.
Recall that the aim of the grid-optimization is to reduce the error ε * , thereby reducing the difference in flow response between coarse and fine grid. To evaluate if this is the case, we consider the following sensitivity study.
To further study the importance of upgridding we consider some initial fine scale realization. For each perturbation of this fine scale realization; a gradual deformation is created and the global objective function is calculated exhaustively, for all
Next for a set of selected perturbation parameters (r) the same objective is calculated for two sets of coarsening, a coarsening to (10x10) and (40x40). Finally, for the same perturbation parameters, optimal gridding parameters are selected using the polytope method 15 and the same objective function calculated. The results are given in Figure-6 . The perturbation parameters r and the optimal gridding dimensions are given in Table-1. The minimum of the global objective function in Figure- 6 is at r=0.95. The coarse models with dimensions (40x40) and the model with the optimal dimensions both track the fine scale objective function throughout the range of r and also find the same minimum (r=0.95). However the coarse model with dimensions (10x10) fails to do so. Note however that the optimized grids require less grid blocks than the 40x40 for all values of r (see Table-1) to obtain a similar level of accuracy in approximating the fine scale response.
The reference field
In this section we apply the method to a simple 50x50 reservoir case. The reference field is generated using a sequential Gaussian simulation technique, where the code for this technique has been obtained from the GSLIB 11 software.
This example field is actually a 2D cross-section of a reservoir, with 50 grid blocks in the horizontal, and 50 grid blocks in the vertical direction where dx=40 ft and dz=5 ft. In this case we apply the algorithm for a strictly horizontal water flooding problem, where a water injecting well exists at location x=1 and the producer is at location x=50. Both wells are penetrated fully and the injection/production scenario is at a constant pressure difference (the injector is set to 5500 psi and the producer is set to 4500 psi). This scenario is continued up to 500 days (hence the amount of time that is used to history match). Figure-7 illustrates the reference permeability field and the corresponding water cut curve. The permeability field log-normally distributed with a log mean of approximately 4 and a log variance of approximately 1. Furthermore in order to emphasize layering the ratio of vertical permeability to the horizontal permeability is taken as 0.
In order to compare the history matched results we also present the flow responses of 10 realizations constrained only to well data. The results are given in Figure-8 . The relatively wide scatter of the flow responses of these 10 realizations should be noted. Figure-9 illustrates how the permeability fields change during the history matching. The results are given for global iterations of 1, 5, 10, 30 and 50, where iteration 50 is the last step of the history matching process. At each step the fine scale and coarse scale with optimal gridding are presented. The fine scale preserves important statistics such as variogram and histogram and significant flow features (in this case high permeability layers) are preserved on the coarse grids by refined gridding in the appropriate regions. It should be noted that the dimensions of the coarse scale model change at each global iteration, since at each step we determine the optimal gridding for the perturbed fine scale model.
Next we look at the history matched fractional flow curves both on the fine and coarse scales. Recall that only the first 500 days are history matched. Figure-10 (top) illustrates the results at the end of iteration 50 for six different random seeds. A good match is obtained on the coarse scale, as expected since the mismatch is flow between reference and coarse grid response that is minimized. The challenge lies in jointly matching the corresponding fine scale realizations, as shown in Figure-10 (bottom) . A satisfactory match is achieved.
Conclusions
An alternative approach to traditional history matching is presented in this paper. The following conclusions are obtained:
1. Introducing upscaling within the history matching process is an effective technique for history matching non-uniform coarse models directly. However caution needs to be taken such that the resulting fine scale models need not match history. 2. Introducing a second level of optimization for optimizing the gridding during the upscaling phase results in a better understanding of the level of coarsening which benefits toward using fewer number of grid blocks for full flow simulations. Furthermore improvements are observed on the fine scale matches where the full flow simulations are performed only on the coarse scale models. 3. Using this two level optimization technique for history matching provides jointly coupling the fine and coarse scale models effectively. Iteration-50, 21x29 
